Assessing a person's ability to multitask is a topic that is gaining increased attention. However, task constraints and difficulty rarely remain constant in real-world environments; when task constraints change, people must adapt to avoid diminished task performance or failure. But can we identify and predict differences in multitasking adaptability? This question was assessed in an experiment wherein participants multitasked in a flight simulator. Task difficulty was incrementally increased across three experimental manipulations. We measured participants' performance on tasks with baseline versus increased difficulty. Cluster analyses on performance identified three distinct adaptability groups in each condition, irrespective of performance at baseline. Furthermore, individual membership in each cluster was quite consistent across different difficulty conditions. Cluster membership in this task was predicted by spatial ability, which is a cognitive ability not related to general multitasking ability.
Multitasking
1 has become a common practice in today's world. In fact, some people even prefer to multitask rather than complete one task at a time (Branscome, Swoboda, & Fatkin, 2007; Poposki, Oswald, & Brou, 2009; Slocombe & Bluedorn, 1999) . Multitasking is also required for many occupations (Bühner, König, Pick, and Krumm, 2006) , and is even expected in the classroom (Watson, Terry, & Doolittle, 2012) .
Despite its prevalence, performing multiple tasks simultaneously is more challenging than doing a single task (Monsell, 2003; Sauer, Wastell, & Hockey, 1999) , and overall performance can be negatively affected when the demands of one task interfere with those of another (Altmann & Gray, 2008; Monsell, 2003) . However, these reductions are not the same for everyone (Watson and Strayer, 2010) , and multitasking ability has been associated with various cognitive individual differences measures (IDMs), especially executive functions such as working memory (Hambrick, Oswald, Darowski, Rench, & Brou, 2010; Oberlander, Hambrick, Oswald, & Jones, 2007; Rubinstein, Meyer, & Evans, 2001) .
There is more to the multitasking story, however, than simply measuring multitasking ability. In the real world, the difficulty of each task will naturally fluctuate; when task constraints inevitably change, people must adapt to avoid task failure. Although significant progress has been made regarding general multitasking ability, relatively little focus has been placed on multitasking adaptability, which is taken to reflect performance in difficult task conditions after controlling for baseline multitasking performance (ability). This is an important distinction, and recent evidence suggests they may be different constructs that tap into different cognitive abilities (Morgan et al., in press) . If adapting to changing task constraints is a necessary skill that might be distinct from general multitasking ability, then it is critical to understand how adaptability might vary across individuals or groups. As an initial step in this direction, we present a simple framework to conceptualize adaptability (see Figure 1) . Specifically, the framework addresses situations where one or multiple tasks change in difficulty while others remain constant. Alternatively, if the difficulty of all tasks is incrementally raised, it can also be used to visualize adaptability across increments. The x and y axes in Figure  1 represent changes in performance (from a baseline) under consistent task difficulty versus increased task difficulty, respectively. Or, as in the second situation above, each axis may represent a single overall level of difficulty.
The framework can be broadly divided into five adaptability profiles to better understand how individuals respond to changing task constraints. Individuals whose performance is not compromised when additional difficulty in a task(s) is encountered are consistent performers (circle around the origin in Figure 1 ). The top-right quadrant encompasses the individuals whose performance increases for both the Increased Difficulty and Consistent Difficulty tasks (good adapters). Conversely, the bottom-left quadrant represents individuals who show a decline in performance for both Increased Difficulty and Consistent Difficulty tasks (poor adapters).
There might also be situations when a person sacrifices performance in one task(s) for the sake of another. When encountering additional difficulty on a task(s), some may choose to tackle the difficult task(s) at the expense of the other task(s). These individuals are called attackers (topleft quadrant). Alternatively, others may neglect the difficult task(s) and focus on the task(s) which are at baseline difficulty. These are avoiders (bottom-right quadrant).
It is important to note that the distribution of individuals to adaptability profiles need not be uniform. For example, there may be no avoiders for a given multitasking context, whereas everyone might be classified as avoiders for a different context. In the latter case, the differences among the individuals may still be useful, because all avoiders are not equivalent, and the relative differences among avoiders can be informative. Also, the five adaptability profiles are sensitive to differences in multitasking contexts. That is, a poor adapter in context A is not necessarily a poor adapter in context B. The proposed framework allows us to address several questions regarding multitasking adaptability. First, is it possible to identify groups of people that differ on multitasking adaptability (performance when difficulty increases), but not multitasking ability (baseline performance)? Second, if identifying said groups is possible, how consistent is group membership? That is, if a person is adapting at a high level under one set of task constraints, does that hold true for a different set of constraints? And third, do groups of adapters differ on any cognitive IDMs, and if so are they the same as those which predict multitasking ability (i.e., working memory)?
To answer these questions, we collected performance data on a flight simulator task that required attending to four continuous tasks simultaneously. After a baseline condition, individual task difficulty was incrementally increased over three experimental conditions. We also collected cognitive IDMs on working memory, scholastic aptitude, spatial ability, and creativity.
METHOD Participants
The sample was composed of 32 students from the University of Notre Dame and the University of Memphis.
Multi-Attribute Task Battery
The Multi-Attribute Task Battery (MATB; Comstock & Arnegard, 1992 ) is a computerized flight simulator that requires users to simultaneously attend to four individual tasks: System Monitoring, Communications, Resource Management, and Tracking. The MATB interface is shown in Figure 2 . Performance scores for the MATB were calculated as a product of the scores on the four individual tasks and were displayed to participants via a performance gauge (not shown in the figure).
System Monitoring. In the top-left quadrant of the screen, participants were told to respond to feedback from lights and gauges. There were two lights at the top of the quadrant: a green light and a red light. Participants were instructed to press the F5 key if the green light turned off and to press the F6 key if the red light came on. Beneath the two lights were four gauges, each associated with a corresponding key on the keyboard. Each gauge also had a yellow pointer that typically hovered around the center line. Participants were told to press the corresponding key if any gauge's pointer exceeded one unit in either direction for the gauge's center line.
Communications. In the bottom-left quadrant, participants were given an identifying call sign (e.g., NGT504) and asked to follow audio instructions directed to their call sign while ignoring instructions from other call signs. Each message began with a six-digit call sign, followed by a command to change the digits in order to tune in to a particular radio frequency with the keyboard.
Resource Management. In the bottom-right quadrant, participants were told to manage the fuel levels of two tanks by keeping the levels within a certain range indicated by tick marks on each tank. Because the fuel in these tanks decreased constantly, participants used the keyboard to transfer fuel from the supply and reservoir tanks.
Tracking. In the top-right quadrant, participants were told to control a joystick in order to keep a moving reticle as close as possible to the center cross.
Procedure
Participants first completed a battery of cognitive tasks: comprehension span (working memory), scholastic aptitude (selfreported SAT/ACT score), mental rotation (spatial ability), and remote association (creativity). Next, they completed each of five conditions in the MATB. The first condition, Practice, consisted of practice sessions for each task individually. Subsequent conditions had participants attend to all four tasks simultaneously. The second condition, Baseline (BL), had all four tasks at the low difficulty level. Participants did not receive performance feedback during Practice and Baseline, but did receive performance feedback in the other three conditions. The third condition, Single Difficulty (SD), raised the difficulty level of a single task to medium for one minute, while the others remained at baseline. After one minute, the difficulty was lowered so that all four tasks were at the easiest difficulty again for one minute, then System Monitoring would increase to medium difficulty for one minute, and so forth, until this happened twice for each task. The fourth condition, Paired Difficulty (PD), raised the difficulty of the System Monitoring and Communications tasks together to medium, after which they reverted back to easy. Finally, in the last condition, Difficulty Ramp-Up (RU), all four tasks were at the easiest difficulty for one minute, at medium difficulty for one minute, and at the hardest difficulty for one minute.
RESULTS
We analyzed scores over the four conditions (Baseline, Single Difficulty, Paired Difficulty, and Ramp-Up). Scores in the last three conditions were compared to Baseline to assess multitasking adaptability. We removed incomplete data as well as one outlier in the PD condition. We then grouped individuals based on adaptability using a cluster analysis, assessed group consistency, and analyzed groups on IDM scores.
Single Difficulty (SD). Difficulty of each of the four tasks in the conditions was either increased from the Baseline difficulty (Increased Difficulty task) or equal to the Baseline difficulty (Consistent Difficulty task). We calculated delta scores for each of the four Increased Difficulty tasks in the SD condition by subtracting the corresponding Baseline score for that task (e. After computing the Increased Difficulty and Consistent Difficulty delta scores, we used a 2-dimensional k-means cluster analysis to group participants on the basis of these scores. Preliminary testing indicated that a 3-cluster solution yielded the best separability of the data. The results of the clustering are shown in Figure 3A .
To differentiate clusters 1, 2, and 3 in terms of performance, a one-way between-subjects ANOVA on delta Increased Difficulty scores with Cluster as a three-level independent factor was performed. The model was significant, F(2, 27) = 72.5, MSE = 7.99, p < .001, and Bonferroni posthoc tests revealed the following pattern in the data: Cluster 3 > Cluster 2 > Cluster 1 (see Table 1 ). Similarly, an ANOVA on the delta Consistent Difficulty scores was also significant, F(2, 27) = 46.6, MSE = 8.80, p < .001. Bonferroni post-hoc tests indicated that Cluster 3 > Cluster 2 > Cluster 1. In line with these findings, we refer to Clusters 1, 2, and 3, as the Low, Medium, and High adaptability groups, respectively.
It is important to note that the clusters in the Single Difficulty condition did not differ on their Baseline scores, F(2, 27) = 1.20, MSE = 98.2, p = .316. That is, each cluster was equivalent in terms of baseline multitasking ability, but there were differences in terms of performance in the more difficult experimental conditions (adaptability). 
Paired Difficulty (PD).
The analyses for the Paired Difficulty condition proceeded in a similar fashion. For PD, the System Monitoring and Communications tasks were the Increased Difficulty tasks, whereas the Resource Management and Tracking tasks were Consistent Difficulty (see Figure 3B for clusters).
The ANOVA on delta Increased Difficulty scores was significant, F(2, 25) = 41.4, MSE = 14.2, p < .001. Bonferroni post-hoc tests revealed the following pattern in the data: Cluster 3 > Cluster 2 > Cluster 1. The ANOVA on the delta Consistent Difficulty scores was also significant, F(2, 25) = 4.90, MSE = 11.3, p = .016. Bonferroni post-hoc tests indicated that Cluster 2 had greater delta Consistent Difficulty scores than Cluster 1. Cluster 3 was not significantly different from Clusters 1 or 2 (see Table 1 ). As with the SD clusters, the PD clusters did not differ on Baseline performance, F < 1. 
Difficulty Ramp-Up (RU).
For the Difficulty Ramp-Up condition, all four tasks in Ramp-Up 2 and Ramp-Up 3 were raised in difficulty, thereby negating the Increased and Consistent Difficulty distinction. Hence, the delta scores were calculated by subtracting the Baseline scores from both the RU2 and RU3 conditions and clusters were derived in the fashion described above. Therefore, these delta scores represent performance in the face of moderate (delta RU2) and high (delta RU3) difficulty ( Figure 3C ).
The ANOVA for the RU2 delta score was significant, F(2, 26) = 39.9, MSE = 9.25, p < .001, and Bonferroni posthoc tests revealed the following pattern in the data: Cluster 3 > Cluster 2 > Cluster 1 (see Table 1 ). The ANOVA for the RU3 delta score was also significant, F(2, 26) = 75.0, MSE = 9.01, p < .001, and Bonferroni post-hoc tests indicated that Cluster 3 > Cluster 2 > Cluster 1.
Unlike the SD and PD conditions, there was a difference in baseline performance among the Clusters in the Difficulty Ramp-Up condition F(2, 26) = 6.86, MSE = 72.7, p = .004), where Cluster 2 (M = 78.5) outperformed Cluster 3 (M = 66.0). However, there was no difference between the clusters for the warm-up phase of the Ramp-Up condition (RU1), F < 1. Our analyses used the Baseline score as the reference instead of RU1 scores in order to be consistent with the SD and PD conditions. Overall, the cluster analyses were very successful in identifying distinct adaptability groups. For both the SD and RU conditions, the groups differed on both the Increased and Consistent Difficulty dimensions. However, in the PD condition, the High adaptability cluster was no different from the other clusters in terms of the consistent difficulty tasks, but was superior to both the other clusters in adapting to tasks with increased difficulty.
Clustering Consistency Across Conditions. There is the important question of whether cluster membership was consistent across conditions. For example, did the High adaptability cluster in one condition contain the same individuals as the High adaptability cluster in another condition? Failure to find consistencies across conditions might complicate (though not invalidate) any further analyses on the clusters. Spearman correlations on cluster membership (see Table 2 ) yielded medium to large correlations, thereby indicating that cluster membership was consistent across conditions. 37% of the individuals were in the same cluster (High, Medium, or Low) across all three conditions, while 97% were in the same cluster in at least two of the three conditions. Only one participant was assigned to different clusters in all three conditions. Thus, there is some consistency in cluster membership across conditions. .447** Notes. * p < .10 ** p < .05 *** p < .01
Individual Differences and Cluster Membership. The next analysis focused on determining whether the three clusters in each condition differed on the basis of any cognitive IDMs. To test this, we performed separate between-subjects ANOVAs for each condition with Cluster as the independent variable with 3 levels (for High, Medium, and Low) and IDM scores as the dependent variable. The models for scholastic aptitude, creativity, and (most importantly) working memory were not significant in any condition (p > .05). However, the analyses for spatial ability yielded significant models for all three conditions: Single Difficulty, F(2, 23) = 5.23, MSE = 36.3, p = .013; Paired Difficulty F(2, 23) = 5.23, MSE = 36.3, p = .013 (coincidentally identical to SD); and Difficulty Ramp-Up F(2, 22) = 6.82, MSE = 33.7, p = .005.
Descriptives for the spatial ability measure are displayed in Table 3 . Bonferroni post-hoc tests indicated that individuals in the High adaptability cluster in the SD condition had higher spatial ability scores than those in the Medium adaptability cluster (High > Medium). Individuals in the High adaptability cluster also had higher spatial ability than those in the Low adaptability cluster for the PD and RU conditions (High > Low). 
DISCUSSION
This paper sought to identify individuals who are able to adapt to increasing difficulty when multitasking. Our first question asked if we could identify groups based on scores in increased vs. consistent task difficulty (relative to Baseline) situations. Our next question was whether membership in these groups would be consistent across conditions. Lastly, we asked if the adaptability groups would be distinguished by a cognitive IDM other than working memory, which predicts general multitasking ability.
First, we clustered individuals based on types of adaptability (High, Medium, and Low) on Increased Difficulty and Consistent Difficulty task performance in each condition. The analyses suggested that the clusters were largely equal on baseline multitasking ability; however, there were differences between the clusters in the experimental conditions when the difficulty of task(s) increased (adaptability). Second, Spearman correlations showed consistent membership across the adaptability groups. Lastly, spatial ability predicted group membership in all three conditions, whereas the other three cognitive IDMs were not significant for any condition. This includes working memory, which has consistently been shown to be the single biggest predictor of multitasking ability (Hambrick et al., 2010) .
The results also illustrate the practical value of the cluster analyses. For both the SD and RU conditions, the groups differed on both the Increased and Consistent Difficulty axes. In these cases, a simple overall score might be sufficient to explain group differences. However, in the PD condition, the High adaptability cluster was no different from the other clusters in terms of the consistent difficulty tasks, but was superior to both the other clusters in adapting to tasks with increased difficulty. Unlike the SD and RU conditions, this insight could not be gleaned from overall scores alone.
In regards to adaptability profiles, our data were mostly situated on the diagonal continuum between "good adapter" and "poor adapter" rather than the arguably more strategyoriented "attacker/avoider" pair. Although a larger sample size is certainly one possible remedy, these profiles are contextdependent, as mentioned before. It may be that the particular conditions and multitasking environment in this experiment do not promote attacking or avoiding. Furthermore, the adaptability profiles are not confined to each quadrant, but can be thought of as a continuum themselves ("more of an avoider", for example).
Overall, these findings raise some important issues for future multitasking research. The distinction between ability and adaptability, as well as the adaptability framework, should be explored with more data points and across diverse multitasking contexts. Meanwhile, organizations selecting individuals for these types of tasks should be aware that baseline multitasking ability may not sufficiently represent real-world performance which is rife with task changes, increased difficulty, and other unexpected events that require individuals to adapt.
